Previous studies have shown that short-term exposure to mirror-reversed visual feedback suppresses rapid online control (ROC) of arm movements in response to a sudden target displacement. Here we tested if the reduced ROC under reversed vision can be observed for natural reaches without target perturbations, i.e. without corrective movements that are driven by visual input perturbation. Second, we ask if such ROC reduction generalizes to movement phases without visual feedback of the hand. Subjects were instructed to perform simple reach movements towards a stationary target position either under normal or physically reversed vision of the hand during the late movement phase. We quantified time-resolved ROC via a coefficient of determination of the reach trajectories over the full course of the movement. As for other measures in previous studies, we found that our perturbation-independent ROC was reduced within a few trials after exposure to reversed visual feedback. The reduced ROC was restricted to late movement phases, and was not observed in early movement phases. We further asked if subjects would be able to re-gain ROC with prolonged exposure to the reversed visual input. ROC gradually and incompletely increased over the course of 400 exposure trials, affecting both early and late movement phases. Our results show that under reversed vision ROC is reduced even for perturbationindependent natural reaches aiming at stationary targets.
Introduction
Interacting with constantly changing environments requires flexible motor control and adaptation. In goal-directed reaching, at least two major processes have been suggested to contribute to the reduction of motor errors (Elliott, Helsen, & Chua, 2001; Magescas, Urquizar, & Prablanc, 2009; Tremblay et al., 2013; Woodworth, 1899) . During movement execution, online corrections can be performed either under voluntary control with additional sub-movements or under automatic rapid online control (ROC) to minimize the discrepancy between goal and hand position (Elliott, Binsted, & Heath, 1999; Prablanc & Martin, 1992) . When motor errors cannot be fully corrected online, trial-by-trial adaptive adjustment of the motor planning occurs for subsequent iterations (offline adaptation) to counteract target errors (Desmurget & Grafton, 2000; Franklin & Wolpert, 2011; Shadmehr, Smith, & Krakauer, 2010) . When adapting to changing sensorimotor environments, often both mechanisms will be engaged with varying degree of importance, depending on how beneficial either of them will be for improving performance.
Most psychophysical and theoretical studies have investigated motor control and adaptation under conditions in which the movement kinematics or dynamics were perturbed in such a way that gradual re-adjustment of online movement parameters or offline motor planning would allow gradually compensating for the perturbation. This was achieved, for example, by off-setting the feedback about the hand from the actual hand position via a translational shift of the visual input with shifting prisms, or with a rotation of the cursor movement relative to the hand movement direction (Cheng & Sabes, 2007; Cressman & Henriques, 2010; Desmurget et al., 1999; Harris, 1965; Redding, Rossetti, & Wallace, 2005; Shadmehr & Mussa-Ivaldi, 1994; Shadmehr, Smith, & Krakauer, 2010; Todorov, 2004; Wolpert & Kawato, 1998) . In a control-theoretical sense, subjects in these types of experiments experienced regular negative feedback signals about their own body movements. ''Negative'' here means that the sensory error signal induced by the perturbation is suited to http://dx.doi.org/10.1016/j.visres.2014.08.021 0042-6989/Ó 2014 Elsevier Ltd. All rights reserved. counteract the consequences of the perturbation in a sensorimotor control loop with negative feedback gain, i.e., a motor correction which is negatively proportional to the measured error will improve the performance. ''Regular'' means that this is true for sensorimotor control in natural environments, i.e. it is the type of feedback that subjects experience in everyday life. Very little is known about whether and how the sensorimotor system adapts to perturbations which do not just off-set the relation between the sensed error and the required motor correction, but actually revert this relationship.
From a control perspective, reversed feedback turns a negative feedback loop into a positive feedback loop. This can create a challenge for accuracy and system stability (Abdelghani & Tweed, 2010; Burdet et al., 2001) . Positive feedback occurs, for example, when the visual feedback about the hand movement is mirrorreversed (Gritsenko & Kalaska, 2010; Lillicrap et al., 2013; Werner & Bock, 2010) . Previous studies have showed that it takes weeks and months of continuous exposure to reversed vision for subjects to reacquire skilled visuomotor performance (Harris, 1965; Sekiyama et al., 2000; Sugita, 1996) . While short-term exposure of a few trials to mirrored visual input is sufficient to allow subjects to voluntarily reach towards the correct spatial direction (Dionne & Henriques, 2008; Marotta, Keith, & Crawford, 2005) , such motor responses are characterized by large movement variability (Werner & Bock, 2010) . Even longer exposure to reversing prisms over more than 500 trials in many subjects led to sustained impairment of reach endpoint accuracy, while other subjects were able to re-gain high endpoint accuracy (Lillicrap et al., 2013) . It is not clear from pure endpoint data, though, if and what aspect of online motor control or offline motor planning is adapted under reversed vision, a question that we address here with a very direct and simple approach.
In one of the very few studies which analyzed online movement control under reversed vision (Gritsenko & Kalaska, 2010 ) the following was shown. When subjects had to online-adjust their movement trajectories to a sudden unpredictable target displacement under reversed vision, their initial rapid online movement corrections of the hand were not mirrored to the visual target perturbation. This means that the rapid corrective movements were maladaptive since a physical hand movement in the direction of the visual perturbation briefly led to an even larger visual discrepancy between desired and actual cursor position. These perturbation-induced (referring to the target displacement, not the mirror reversal) rapid online movement corrections got quickly suppressed when subjects were exposed to only a few repetitions of the reversed mapping between the invisible actual hand and its visual cursor representation (Gritsenko & Kalaska, 2010) . From other studies without mirror reversed visual hand feedback it is known that rapid online corrections in response to visual target displacements are characterized by short latencies (typically 100-200 ms) after target perturbation onset (Cooke & Diggles, 1984; Day & Lyon, 2000; Desmurget et al., 1999; Gritsenko, Yakovenko, & Kalaska, 2009; Higgins & Angel, 1970; Jaeger, Agarwal, & Gottlieb, 1979; Liu & Todorov, 2007; Pisella et al., 2000; Sarlegna et al., 2003 Sarlegna et al., , 2004 and can occur without the hand being visible GosselinKessiby, Kalaska, & Messier, 2009 ) and even without the visual target displacements being consciously perceived (Johnson & Haggard, 2005; Pelisson et al., 1986; Turrell et al., 1998) . We will refer to this type of corrective movement as perturbation-induced rapid online corrections. Since perturbation-induced rapid online corrections are independent of visual hand feedback, but are triggered by transient visual input suited for motor-goal update, it is assumed that they are a form of ROC that relies on error signals between the estimated arm state (based on an internal model) and the goal state (Desmurget & Grafton, 2000; Sarlegna et al., 2003 Sarlegna et al., , 2004 . In this sense, the reduced ROC in the previous reversed-feedback study (Gritsenko & Kalaska, 2010) suggests that the sensorimotor system reduces the (mal-) adaptive internal model-based motor control during reversed visual cursor feedback.
An open question in this context is if only perturbation-induced rapid corrective movements in response to visual target displacements get reduced during reversed vision, or if ROC also gets reduced when it is independent of visual target perturbations. This question is relevant, since corrective hand movements in the presence of sudden visual target displacements typically are tightly coupled with free gaze shifts (Abekawa, Inui, & Gomi, 2014; Neggers & Bekkering, 2000 and hence could result from an eye-hand coordination mechanism. In contrast, reach movements aiming at a stationary target will not involve such gaze shifts, and hence should exclusively reflect manual motor controls. Therefore, it is important to test if ROC suppression can occur in the absence of target displacements. Further, it cannot be fully ruled out that repeated and noticeably large perturbations in a virtual-reality setting, as they are mostly used in target displacement tasks, put the sensorimotor system in a different mode of control (e.g., being prepared for potential perturbations) than during unperturbed naturalistic movement contexts (Gomi, 2008; Veilleux & Proteau, 2011) . During natural movements ROC occurs independent of any sudden motor goal updating induced by an unpredictable visual target displacement. Different to perturbation-induced rapid online corrections, ROC during natural movements does not involve a change of the visually instructed motor goal. Instead it must depend on estimates of the hand position which are either dependent on visual and proprioceptive feedback throughout the course of movement (Saunders & Knill, 2003 , 2004 , or based on internal state estimates. We asked if there is a measurable effect of reversed vision on ROC during such natural movements. A second question that we address here is if and how the system over the course of longer exposure might adjust for the reduced ROC during which performance is impaired. The sensorimotor system could either manage to re-gain ROC or it could adjust by relying more strongly on other adaptive mechanisms such as trial-by-trial offline adaptation. For exampleexperiencing repeatedly that online control is maladaptive and impaired -subjects could try to minimize their initial movement errors by planning the next movement more precisely based on the previous trial error (Prablanc et al., 1979) .
Methods

Subjects
In total, 17 right-handed subjects with normal or corrected-tonormal vision volunteered to participate in the experiments described in the following. All subjects were naïve with respect to the scientific purpose of this study. They were given detailed written instructions about how to perform the task correctly. In addition, before data collection, they had the opportunity to familiarize and practice the tasks.
All subjects gave informed consent, and the experiments were conducted in accordance with institutional ethical guidelines. We declare that work described in this study was conducted in accord with the Code of Ethics of the World Medical Association (Declaration of Helsinki) for experiments involving humans. Informed consent for participation was obtained from each human subject before experimentation.
Apparatus and data collection
We wanted to investigate the effect of reversed visual feedback on reach movements that are otherwise as naturalistic as possible. Therefore, we wanted the subjects to make reaches from a conveniently accessible starting position to an easily reachable target position, without constraints on their joint angles or other kinematic parameters than the start and endpoint, without unpredictable movement or feedback perturbations, with real instead of cursor or video feedback, and without the need to control a manipulandum. Unavoidably, this gave us less control over various experimental parameters, but on the other hand it allowed us to quantify changes in motor control and adaptation for very simple natural movements.
Subjects performed visually-guided 3D reaching movements from a close-to-body starting position ('home' push button) to a visual target on a fronto-parallel touch screen with their preferred hand. Subjects were invited to sit comfortably on the chair, resting their chins on a chinrest for stabilization of the head. The screen was viewed monocularly through an aperture into which the prism assembly was embedded during exposure trials (Fig. 1a) . The prism assembly consisted of a high quality optical reversing prism (''Dove'' prism, size 3 cm (W) Â 3 cm (H) Â 12.5 cm (L), ThorLabs, New Jersey, USA) surrounded by a thin metal cage with a magnetic surface and alignment pin for easy and precise mounting to and demounting from the aperture between blocks of trials. The aperture was placed immediately in front of the subjects' right eye while blocking their left eye with a cardboard. The prism was so close to the eye that the assembly as such was not seen by the subjects but only the view through the prism (Fig. 1a, lower right) . The distance between the eye and the screen was about 40 cm. The field of view for prism and no-prism trials was identical (10 cm Â 10 cm square on the screen) since in no-prism trials a metal cage was mounted into the aperture that was identical to the one surrounding the prism, just without the glass prism in it, and the inner 3D dimension of this metal cage exactly matched the outer 3D surface of the prism. During prism trials, the visual feedback of the hand was mirrored relative to the physical movement of the hand at the horizontal reversing axis of the prism. Such physical optical setup created physical constraints that limited us in the way we could control the visual feedback (see below). Yet, the high quality prism provided a very vivid visual impression of the own hand. We used this physical optical setup to avoid any artificial mapping between the actual hand movement and its visual representation except for its purposeful inversion during prism trials. This was done to induce the strongest possible sense of agency despite reversed viewing. The visual target was presented on a liquid crystal display monitor (19 in. ViewSonic VX924; <5 ms off-on-off response time). The target was presented in every trial at the same position in the center of the visual field (details on the task see below). This means that the reach target was invariant to the mirror transformation and constant throughout the experiment. Importantly, any trajectory from the home button to the target position which stayed within the YOZ plane was invariant to the mirror reversal, while any deviation in the x-dimension from zero was subject to the mirror transformation. The distance from the hand starting position to the reach target on the screen (XOY plane, Fig. 1b and c) was 32 cm in the vertical Y dimension and 17 cm in depth (Z dimension).
The display monitor was mounted behind the touch-sensitive screen (IntelliTouch; ELO System, Menlo Park, CA) which allowed recording of the reach endpoint on the screen. Additionally, the index finger tip 3D trajectories during reaching movements were recorded with a sampling rate of 200 Hz with an active infrared optical motion tracking system (Visualeyez VZ 4300, PTI, Canada), leading to close to 100 samples per trajectory for the typical movement durations.
Task procedures
Subjects performed a simple reach task to a stationary target. Each trial started after subjects pressed the home button and held hand fixation at this starting position. After a random delay (500-1000 ms), a white circular patch (diameter: 0.5 cm) flashed on the screen (50 ms) signaling the reach target location. Subjects needed to reach this location within 1500 ms. Once the finger touched the touch screen, a high tone indicated a successful trial, or a low tone indicated a failed trial (in case of belated responses). The dim nonzero luminance of the display monitor allowed subjects to see the finger tips once they enter into the field of view. The visual target did not re-appear after movement completion, but subjects reached to the memorized position of the target stimulus. This way we ensured that subjects did not tap the screen systematically next to the target position in an attempt to avoid occlusion of the target. The target position could easily be memorized accurately, since trials were very short and the target stimulus was shown immediately before movement onset. A previous study (Rogers, Smith, & Schenk, 2009) reported that subjects showed regular post-exposure negative aftereffects after adaptation to shifting prisms even in a memory-guided pointing task. While subjects were instructed to respond as fast and precise as possible, any reach to the screen within the required time was considered a successful trial, independent of the achieved spatial accuracy.
Each subject performed three blocks of trials ( Fig. 1d ): (1) 20 pre-exposure trials without the prism to measure the baseline performance of the subjects; (2) 400 exposure trials with the reversing prism to characterize the trial-by-trial reaching behavior; and (3) 40 post-exposure trials with the prism being removed to measure any behavioral after-effects (Fig. 1d) . To characterize reaching behavior we quantified trial-by-trial reaction times, movement times (visible and invisible part of movement), endpoint errors, and planning errors. Further, we quantified the within-trial predictability (coefficient of determination) of the movement trajectories over the course of the movements.
Analysis of movement trajectories
The recorded hand trajectories were low-pass filtered at 20 Hz (fourth-order Butterworth filter; varying the cut-off frequencies between 10 Hz and 30 Hz did not lead to different conclusions). Seventeen trials (0.2% of all trials) were excluded from the analysis, since the LED trace was interrupted during the movement. Fig. 1b shows the 3D movement trajectories of one example subject during baseline.
The reaction time (RT) was defined as the time difference between the onset of the target presentation and hand movement onset (release of home button). The movement time (MT) was defined as the duration between movement onset (release of home button) and the end of the movement (touch of the screen). Average RT was 283 ± 26.9 ms (mean + standard deviation, across trials and participants), and average MT was 455 ± 170.7 ms.
Due to the unavoidable aperture the visual feedback about hand position was available to subjects only during the late movement phase when the hand entered the field of view at approx. 5 cm vertical eccentricity or less from the target. This corresponded to approximately the last 25-35% of each movement, lasting 125-175 ms (for details see Section 3). Due to the physical nature of the optical prism setup and the limitations in maximal reach distance, we could not have increase the duration of the visible movement time for movements along the mirror axis without artificially slowing down the movements. This would have introduced an additional constraint on the movement kinematics and would have imposed a need for additional online motor control, a possible confound which we wanted to avoid.
For the purpose of this study, the hand positions along the mirror-reversing axis were analyzed (x-dimension in Fig. 1b and c) . In every trial we analyzed deviations of the trajectories from the mean baseline trajectory. For this, the x-positions of the hand along the average baseline trajectory were subtracted from the trial-bytrial trajectories. To subtract trajectories we re-sampled the trajectories with 80 samples per movement. The 80 sample points were defined spatially along the neutral y-axis: they spanned the vertical 32 cm between the home button and the y-position of the target equidistantly. An analysis based on data with and without subtraction of the baseline mean produced qualitatively similar results. Also, an analysis with double or half of the offline re-sampling density did not change the results. Negative x-position values indicate a deviation to the left of the mean baseline trajectory, positive values indicate rightward deviations.
We quantified trial-by-trial kinematic reach errors in two ways. We measured the initial reach directions (planning error) and the reach endpoints (endpoint error). The endpoint error reflects the combined effects of planning error and any form of online corrections. We defined endpoint error as the horizontal deviation between the movement endpoint and the target in the touch screen plane (Fig. 1c) . The fluctuations in the initial reach directions indicate trial-by-trial changes in the initial motor commands (plus peripheral motor noise) and thereby can capture the planning error. We defined the planning error as the horizontal deviation between the extrapolated reaching endpoint in the touch screen plane (assuming no corrections to the initial angular deviation of the reach trajectory would occur) and the target in the touch screen plane (Fig. 1c) . We measured the angular deviation of the initial reach direction as the angle between the positions of the hand at 10% MT after movement onset (corresponding to approx. 50 ms) and the corresponding point in the mean baseline trajectory relative to the starting location. We chose such short latency for measuring the initial reach direction to quantify the direction prior to the onset of ROC, which typically occurs around 100-200 ms after movement onset (Desmurget & Grafton, 2000) .
ROC estimation
We used a within-trial regression analysis to quantify the magnitude of ROC at different times during the movement (Elliott, Binsted, & Heath, 1999; Heath, 2005; Heath, Westwood, & Binsted, 2004; Messier & Kalaska, 1999) . The regression technique evaluates how much of later hand position variance can be explained by the hand position at earlier periods of the movement across trials. Previous work has shown that the differences in the magnitude of the coefficient of determination (R 2 value) reflect differences in how a motor response is controlled online (Heath, 2005; Heath, Westwood, & Binsted, 2004; Heath et al., 2010; Messier & Kalaska, 1999; Richardson et al., 2011; West, Welsh, & Pratt, 2009 ). The reasoning is that if a movement is ballistic without online control, then early deviations in trajectory are predictive for later deviations (high value of R 2 ). Vice versa, with online control early deviations are less predictive for later deviations (lower value of R 2 ). Since corrective and erroneous online control both reduce the determinism of the movement trajectories, both would be indicated by a small R 2 value. Hence, erroneous or corrective online control cannot be distinguished by analysis of the coefficient of determination alone, but both can be distinguished from a lack of online control which is characterized by a large R 2 value.
We performed the within-trajectory regression analysis in two different ways. Firstly, as in most previous studies (Heath, 2005; Heath, Westwood, & Binsted, 2004; Heath et al., 2010; Richardson et al., 2011; West, Welsh, & Pratt, 2009 ), we correlated the hand position at earlier phases of the movement with the endpoint location of the movements. Additional to the endpoint of the movement (100% MT), we used sample points of the trajectory ranging from the starting point of the movement (0% MT) to the position at 90% of MT at an incremental interval of 10% MT. This gave us 10 different R 2 values (0%-100%, 10%-100%, 20%-100%, etc.). With this method, the estimated levels of online control cumulate over the course of the movement (see Fig. 4c in Section 3). For example, if the late phase of a movement between 60% MT and 100% MT is characterized by strong online movement corrections then the resulting R 2 60%-100% will be substantially smaller than one (which would correspond to perfect predictability). The R 2 between 30% and 100% MT can then hardly be larger than R 2 60%-100% even if there is no online control happening around 30% MT. This is because it is not plausible that earlier movement periods are better correlated with the endpoint of the movement then later periods of the movement.
For the purpose of our study, we wanted to estimate the immediate short-term level of ROC as a function of time during the movement. Therefore, we developed a time-resolved R 2 measure (tr-ROC). In this second approach we computed the regression within short time periods at different latencies during the reach (''sliding window'' approach). We correlated hand positions at an earlier time during the movement (e.g. 30% MT) with hand positions at a time during the movement which was always later by 20% MT (i.e. 50% MT). We repeated this computation sequentially along the trajectory with overlapping time windows, i.e. 0%-20%, 10%-30%, 20%-40%, etc. We used the tr-ROC as an estimate of the immediate level of online control along the movement trajectories, thereby avoiding cumulative effects. (Heath, Neely, & Krigolson, 2008; Krigolson et al., 2007; Neely et al., 2008 ).
Adaptation to prism exposure
We quantified adaption of the reach kinematics to the reversing prism viewing context by comparing pre-/peri-and post-exposure trials. We divided the 400 exposure trials into 10 blocks of 40 trials, from each of which we computed the average MT, planning error, endpoint error, and magnitude of ROC. The first and the last blocks of the exposure trials were called the early-exposure and the lateexposure trials respectively. For non-exposure trials the block size was set to 20 trials due to the limited number of trials in these experimental phases, which gave rise to one baseline block and two post-exposure blocks. Varying the block size of exposure trials (e.g. setting it to 20 trials as for the baseline) did not qualitatively change our results.
Results
Trial-by-trial endpoint and planning errors
Typical hand trajectories and reach endpoints of a single subject during baseline, exposure, and post-exposure are shown in Fig. 2a and b. Baseline trajectories were relatively straight with small trial-by-trial variability, and the reach endpoints generally were close to the target. When exposed to the reversing prism, movement trajectory exhibited larger variability and endpoints substantially deviated from the target, in a seemingly random fashion to either side (early exposure, first 20 exposure trials). Even with prolonged practice, repeating 400 reaches to the same target from the same starting point, the subject did not become proficient at producing straighter trajectories or smaller endpoint errors (late exposure, last 20 exposure trials). Similar observations were made across population of participants (Fig. 2c, two left panels) . Across subjects, the mean signed endpoint errors (Fig. 2c, top left) showed a small but significant (p < 0.05) rightward bias for the early (0.55 ± 0.22 cm, first across-trials then across-participant mean ± SEM) but not for the late exposure trials (0.28 ± 0.65 cm) relative to baseline trials (which have zero signed endpoint error by definition). More interestingly, endpoint variability (across-trial standard deviation of the endpoint error) in both exposure phases was significantly larger than in baseline trials (baseline: 0.51 ± 0.03 cm; early exposure: 1.99 ± 0.21 cm; late exposure: 1.53 ± 0.19; both exposure phases p ( 0.001, paired t-test against baseline).
The unsigned endpoint errors (Fig. 2c, bottom left) during the early exposure trials were significantly higher than those during the baseline (p < 0.001, t-test). Unsigned endpoint errors remained high during the whole extended exposure phase, without convergence to baseline level (p < 0.001, late exposure trials vs. baseline). Despite this obviously lacking improvement in endpoint performance, however, we observed significant after-effects with exponential-like decay of endpoint errors to baseline level in the first few post-exposure trials (Fig. 2c , bottom left, dark blue p = 0.002 for early post-exposure trials vs. baseline, t-test). We will analyze endpoint errors in more detail below.
In contrast to endpoint errors, the trial-by-trial signed planning errors were comparably small and remained constant throughout all phases of the experiment (Fig. 2c, top right) . Both the mean and inter-trial standard deviation of the signed planning errors on average across subjects were barely affected by the experimental phases. Signed planning error mean value during baseline: zero by definition; early-exposure: À0.21 ± 0.09 cm (p = 0.043; t-test against baseline); late-exposure: 0.13 ± 0.25 cm (p = 0.61). The inter-trial standard deviation of the signed planning error during baseline: 0.81 ± 0.14 cm; early exposure: 0.76 ± 0.13 cm (p = 0.70; t-test against baseline); late-exposure: 0.76 ± 0.17 cm (p = 0.79; t-test against baseline). Unsigned planning errors increased during exposure (Fig. 2c, bottom right) . Unsigned planning errors during the early exposure phase were at the same levels as the baseline (baseline: 0.40 ± 0.13 cm; early exposure: 0.41 ± 0.08 cm; p = 0.74, t-test), and became significantly higher than baseline during the late exposure trials (late exposure: 0.81 ± 0.15 cm, p < 0.001). This increase is explained by a higher inter-subject standard deviation of the signed planning error mean values (see above: 0.09 cm early exposure; 0.25 cm late exposure).
This means that over the course of 400 stereotyped reaches to the same target we did neither observe an improvement in endpoint accuracy nor in planning accuracy, but rather a worsening of the planning accuracy (p < 0.05, t-test on the unsigned planning errors, early-exposure vs. late-exposure trials).
Non-random endpoint errors
Even though the endpoint errors during exposure at first glance look like random fluctuations, similar to the baseline but with larger amplitude, they actually had different statistical properties. To quantify this, we defined three types of trials based on the endpoint location in the current trial in comparison to the endpoint location in the preceding trial (Fig. 3a) . Assume that in the preceding trial the reach endpoint (grey circle) was located to the right of the target (intersection of dashed lines). If the endpoint in the current trial was again to the right of the target, we called this trial as a ''worsening'' trial in case the endpoint deviated more from the target than in the previous trial (Fig. 3a, top) ; in case the endpoint was closer to the target than in the previous trial, we called it an ''improving'' trial (Fig. 3a, bottom) . If the endpoint in the current trial was on the opposite side of the target compared to the previous trial, we called it a ''switching'' trial (Fig. 3a, middle) , independent of the amount of absolute deviation between endpoint and target. Further, we estimated the probability of trial types as a function of error size (Fig. 3b) to see if the behavior depended on the previous-trial error size. For example, if the previous-trial error was as small as it would typically be during baseline (and hence maybe attributable to ''motor noise''), the next-trial error could be expected to be random. If instead the previous trial error was larger than expected from baseline fluctuations, the next trial error could be the result of an attempt to correct for the error. We applied this trial classification to our data to see if the subjects' signed endpoint errors would comply with a random process during exposure, or if the statistics would suggest a trial-by-trial systematic dependency instead.
When the hand position data complies with a standard normal random process for which the endpoints are distributed symmetrically around the target (no bias) and successive trials are statistically independent, then one would have to expect a constant switching probability of 50%. To account for the partially seen small biases in the experimental endpoint data, we compared the subjects' data to the probabilities of each trial type obtained from a random surrogate dataset with Gaussian endpoint distribution, where mean and variance of the surrogate data were matched with the experimental data. Since the experimentally observed signed endpoint errors during exposure showed a biased distribution (see Fig. 2c , upper left panel), the switching probability of the surrogate data is not perfectly constant at 50% but is dependent on the error sizes (Fig. 3b, middle panel, dashed line) . This is because the switching probability was computed separately for limited ranges of the absolute endpoint error in the previous trial. This probability of the absolute error falling into a certain value range is different for positive and negative endpoint errors in a biased distribution, and the size of this difference depends on the currently considered range of the absolute errors.
As a result, the experimental reach endpoints during baseline showed Gaussian-like random variability (data not shown). But when exposed to the reversing prism, subjects showed only 20-30% of switching when the previous-trial endpoint error was larger than the mean error during baseline (%0.5 cm), while they showed close to 50% switching when the error was smaller than the mean baseline error (Fig. 3b, middle) . This means, subject had an above chance likelihood of sticking to the same side of the target from one trial to the next, but mostly only when the previous trial error was larger than the typical error during baseline. Both, the number of improving and the number of worsening trials systematically increased compared to the chance level for medium-size previous-trial errors. For large previous-trial errors the lower-thanchance switching probability is exclusively explained by an above-chance probability of worsening trials (Fig. 3b, top and bottom) . This suggests that subjects tried to compensate a previoustrial poor performance in the next trial, but without success. There were no obvious differences for these results between early and late exposure.
Fast reduction and slow partial recovery of rapid online control
We observed a significant phasic after-effect of increased unsigned endpoint error in the post-exposure period, but no increased planning errors (see above). From this we inferred that the sensorimotor system must have adapted to the reversed feedback in some unknown way which is different from the trial-bytrial adaptation of motor plans known from visuomotor rotation or shifting prism studies. Therefore, we subsequently tested for changes of the within-trial online control of movements due to exposure to reversed visual feedback.
As a first step, we measured the horizontal spatial variability of the hand position as a function of the time during the reach, which has been demonstrated to be a very effective way of quantifying the time course of online movement control . We computed the within-subject standard deviation in hand position at all deciles of the MT. These standard deviations are then averaged across subjects for population analyses. As previous studies pointed out, without online control, the movement variability should increase monotonically with the progression of the movement ( profile at some point during the movement trajectory. Fig. 4a shows that for reach movements during baseline, hand variability (standard deviation) has an initial insignificant tendency to increase (p > 0.05, t-test, 0% vs. 30% MT), followed then by a tendency to decline (p > 0.05, t-test, 30% vs. 60% MT; 30% vs. 100% MT). The lacking increase in the spatial variability over time indicates the presence of online control, as can be expected for regular reaching (Richardson et al., 2011; West, Welsh, & Pratt, 2009 ). In contrast, spatial variability increased monotonously for early exposure trials, and similarly for late exposure trials. The differences in the spatial variability profile between the exposure and baseline trials suggest a significant difference in the way reach movements were onlinecontrolled in the two viewing conditions. The continuously increasing variability in movement trajectories for exposure trials indicates reduced or erroneous online control. In the following we will further support for the hypothesis that online control was actually reduced. We used a kinematic regression analysis to further quantify the amount of online control. Especially, we used tr-ROC to test for the level of ROC in different phases of the movement over the course of the experiment (see Section 2). Fig. 4b shows the hand position at 80% MT relative to the reach endpoints (=100% MT) for baseline and early exposure trials in one example subject. The 80% and 100% hand positions were correlated in both cases but differently strong (baseline R 2 = 0.52, early exposure R 2 = 0.84). Across subjects, first, we computed the conventional regression analysis, i.e. the R 2 values along the trajectories (decimal of MTs) relative to the movement endpoint (see Section 2). As expected, the R 2 values increased monotonically as the movement progresses in all three experimental phases (Fig. 4c) . Additionally, across experimental conditions, R 2 values were significantly larger (p < 0.05, two-sided paired t-test) in both early and late exposure phases relative to baseline. This was true mostly for the late parts of the trajectories from 50% to 90% MT (filled triangles/squares in Fig. 4c ). The elevated R 2 values indicated reduced levels of online controls during exposure compared to baseline. Also, almost throughout the movement the R 2 values showed an insignificant trend of recovery towards baseline levels from early to late exposure phases, (Fig. 4c , triangle vs. square, p > 0.05 at each normalized MT). Second, we used tr-ROC to quantify ROC as a function of time (see Section 2). Note that in our experiment the tr-ROC values from early parts of the movement (up to 50% MT) capture online control without visual feedback about the hand, whereas R 2 values from late parts of movement (70% MT onwards) capture online control while visual information about the hand was available to subjects. As a result, the predictability of the late phases of the movement trajectories was significantly higher in exposure trials compared to the baseline levels. This was indicated by higher R 2 values from 70% to 90% MT (p < 0.05, paired t-test). R 2 values up to 60% MT did not differ between exposure and baseline trials (Fig. 4d ) in the tr-ROC analysis. This shows that ROC was reduced as a consequence of the exposure to the reversing prisms, but only during the late phase of the movement. The reduction of the ROC was not constant over the course of the experiment. R 2 values of the late movement phase in the tr-ROC analysis increased immediately after exposure to the reversing prism (Fig. 4e ). For example, at 90% MT, the R 2 value in the first exposure block was significantly bigger than the baseline levels (p < 0.05, paired t-test). Over the course of the exposure the tr-ROC at 90% MT gradually recovered towards the baseline level, as indicated by decreasing R 2 values (p = 0.039, slope = À0.006, linear regression analysis; Fig. 4e, squares) . However, the R 2 in the last exposure block remains still significantly larger than the baseline level (p < 0.05). This means that subjects increased their level of ROC during prolonged practice, but did not re-acquire the same level as without reversing visual input even after 400 reaches to the same target. Notably, not only the late movement phase but also the early movement phase (40% vs. 60% MT) was characterized by decreasing R 2 over the course of exposure trials (p = 0.004, slope = À0.01; Fig. 4e, triangles) . This means that the practiceinduced regaining of ROC affected also early phases of the movement without visibility of the hand. As pointed out above, an increased level of ROC does not necessarily imply improved feedback control, since control can also be erroneous. Correspondingly, when we applied the same regression analysis on both the signed and unsigned endpoint errors, we did not observe significant temporal modulations over the course of exposure (signed: p = 0.83, slope = À0.0075; unsigned: p = 0.18, slope = À0.07), i.e., there was no improvement of endpoint accuracy.
As a potential confound in the tr-ROC analysis, the observed adaptation effects could be due to the changes in movement time . To rule this out, we examined both the whole movement times (covering the full trajectories) and the partial movement times (covering the visible part of the trajectories) as a function of experimental phases. Neither full nor partial movement times during the exposure phases were significantly different from baseline (p > 0.05, t-test) (Fig. 4f) . Additionally, regression of the mean MTs of the entire exposure period (in the same way as for R 2 in Fig. 4e ) revealed no significant temporal increase or decline (p = 0.28 for visible MTs and 0.48 for the whole MTs, linear regression analysis). Based on these observations we concluded that the changes of ROC over the course of exposure were unrelated to the differences in movement times.
Discussion
In this study we examined how human subjects adapt their natural reaching movements under reversed visual feedback. We showed that even after 400 repetitive exposure trials subjects did not improve their endpoint accuracy, nor did they improve their precision in motor planning. Instead, subjects showed reduced ROC immediately after exposure to reversed vision. The perturbation-independent ROC that we measured occurred only during the late movement. ROC gradually recovered over the course of 400 exposure trials, but failed to re-acquire the baseline levels even after this prolonged exposure. This slow recovery process affected the ROC for early and late movement phases, i.e. independent of hand visibility. This indicates a mechanism independent of visual feedback about hand position. The results suggest that when exposed to reversed visual input, subjects do not adapt their motor planning, but rather their motor control in a way that affects earlier and late phases of the movement selectively.
Immediate suppression of late-movement ROC under reversed vision
In our data ROC was substantially suppressed immediately (within a few trials) after exposure to reversed visual feedback (Fig. 4a) . This finding complements related previous findings which used reversed visual cursor feedback and showed quickly reduced rapid online corrections in response to visual target perturbations (Gritsenko & Kalaska, 2010) . We found reduced ROC under reversed vision without sudden visual target perturbations. This shows that reduced ROC of hand movements during reversed vision affects not just corrective movements in response to visually triggered feedforward updates of the motor goal. Reversed visual feedback also affects online control of unperturbed movements towards stable reach target. Since there are no sudden external sensory perturbations or motor goal updates, corrective movements during such online movement control have to be based on a current estimate of hand position rather than feed-forward sensory input.
An estimate of hand position in principle can be guided by visual and proprioceptive sensory feedback, or by an internal state estimation. The reduction of ROC started around or slightly before the time when the hand became visible in our experiment, but was absent in the early movement phase. This suggests that the type of ROC observed here might have partly depended on visual feedback, or at least on the expectation that visual feedback becomes available around this time. In contrast, movement corrections which occur without visibility of the hand Gritsenko & Kalaska, 2010) , or which occur so quickly (typically within up to 200 ms latency) after the visual target perturbation that the visual hand feedback is considered too late to guide the movement correction, are often thought to reflect motor control based on an estimation of hand position that results from an internal forward model computation (Gritsenko & Kalaska, 2010; Gritsenko, Yakovenko, & Kalaska, 2009; Liu & Todorov, 2007; Oostwoud, Brenner, & Smeets, 2011) . Accordingly, even the late movement phase (P70% MT) in our data would have to be considered independent of visual feedback, since movements lasted typically less than 200 ms after vision of the hand became available. Recent findings (Burkitt et al., 2013; Cheng et al., 2013; Tang, Whitwell, & Goodale, 2013) show that already the expectation of visual feedback (prior knowledge about the presence/absence of visual feedback) can have an impact on movement control. Since the point along the trajectory at which vision of the hand became available was predictable for subjects (and, unfortunately, for technical reasons could not be varied as part of the experimental protocol), it could be that motor control adapted to the reversed vision in such a way that ROC was specifically reduced for the time at which subjects expected the mirrored visual feedback to be present. Yet, to what exact extent the reduced ROC in the current data was dependent on visual feedback has to remain elusive.
Since proprioceptive feedback was available to subjects throughout the movement phase, but the reduced ROC was not found during early movement phases, we consider it unlikely that the reduced ROC can be explained purely with adapted proprioceptive feedback control.
Also, we rule out that the observed ROC suppression is a byproduct of adapted eye-hand coordination movements, since in our design no extrinsic events triggered involuntary eye movements. This can be different for target jump tasks, where the sudden updating of a visual reach goal triggers a saccadic response when eye movements are not constraint Neggers & Bekkering, 2002; Prablanc & Martin, 1992) . Gaze re-orienting and online hand motor goal updating are tightly coupled not only when gaze changes precede (Neggers & Bekkering, 2002) but also when they follow (Abekawa, Inui, & Gomi, 2014 ) the manual path correction. Parallel gaze updating therefore is likely to interfere with corresponding hand path corrections. Online control of hand movements in our data was not accompanied by re-orientation of the gaze to an updated target position, hence such mechanism cannot account for our data.
In summary, during exposure to reversed visual feedback rapid online control is quickly reduced even for simple naturalistic reach-to-target movements without visual target perturbations. This shows that the mechanism for reduced online control is independent of eye-hand coordination mechanisms and not restricted to corrective movements that compensate feed-forward motor goal updates.
Slow recovery of ROC during prolonged exposure to reversed vision
The fact that the partial recovery of ROC after prolonged exposure affected both earlier (40-60% MT) and late (P70% MT) movement phases implies that the observed adaption of ROC was independent of hand visibility. Repeated practice affected both early and late ROCs with similar rates of changes over exposure suggesting that the same underlying mechanism is responsible for both and that this mechanism is independent of visual feedback. One reason for this could be that subjects start relying more and more on proprioceptive control (Gosselin-Kessiby, Kalaska, & Messier, 2009; Gosselin-Kessiby, Messier, & Kalaska, 2008) and increasing the stiffness of the arm (Gomi & Kawato, 1996; Osu et al., 2003; Wong et al., 2009 ), or they slowly start trusting again the internal model based control which (putatively) was initially assigned very little credit after the revered feedback was introduced. Only once the system has learned to cope with inverted feedback it would make sense to re-establish its impact on motor control. The fact that the recovery rate for the ROC was slow might explain why it takes several weeks/months' continuous exposure to the reversing prism for subjects to completely adapt (Harris, 1965; Sekiyama et al., 2000; Sugita, 1996) . Consistent with this slow adaptation effect, one recent study (Lillicrap et al., 2013) found that subjects' endpoints showed jagged and unstable performance after >500 trials of practice or even 8 days of continuous exposure to inverted vision. Similarly, in our data, we also observed large movement variability which failed to converge back to baseline levels even after prolonged practice in response to reversed visual feedback.
Differences between adaptation with positive and negative feedback
In the current study we examined motor adaptation in a special circumstance with positive feedback (reversing prism) as compared to the more typical conditions of negative feedback (e.g., shifting prism). In the shifting prism condition (or equivalent rotated cursor task) subjects experienced systematic movement errors with an offset in the reach endpoints or reach direction which can quickly be compensated to a large extent with trialby-trial offline adaptation effects (Cheng & Sabes, 2007; Cressman & Henriques, 2010; Desmurget et al., 1999; Harris, 1965; Redding, Rossetti, & Wallace, 2005; Shadmehr & Mussa-Ivaldi, 1994; Shadmehr, Smith, & Krakauer, 2010; Todorov, 2004; Wolpert & Kawato, 1998) . One such putative mechanism, for example, is internal model adaptation as described in adaptive motor control theory (Desmurget & Grafton, 2000; Franklin & Wolpert, 2011; Shadmehr, Smith, & Krakauer, 2010) . In experiments with negative feedback, movement corrections which are negatively proportional to the sensed error are beneficial to the performance. In contrast, in our positive feedback experiment, reversing prisms did not induce a systematic offset of reach endpoints since the target position was on the mirror axis. Rather, in this case, any unavoidable movement variability (e.g. due to planning errors or ''motor noise'') got emphasized since both online corrective movements and offline adaptation apparently were maladaptive. We found that when exposed to the reversing prism subjects showed significantly higher than chance level probability of worsening trials, especially when the errors in the preceding trials exceeded baseline level (Fig. 3) . Since movement planning during exposure was as good as during normal vision (at least during early exposure) the higher fraction of worsening trials indicates that the online control must have been counterproductive in the case of reversed feedback. Under such circumstances, subjects both in our study and in a previous study (Lillicrap et al., 2013) exhibited highly sustained unstable movement behaviors even after prolonged practice. The fact that subjects could not overcome the positive feedback by minimizing the trial-by-trial planning errors might not be unexpected, because the starting hand positions were not visible to subjects during motor planning. This might have prevented pre-movement calibration of limb positions (Prablanc et al., 1979) . Instead, subjects under reversed vision reduce visually driven online motor control, as evident by suppressed levels of rapid movement corrections in response to sudden target displacements (Gritsenko & Kalaska, 2010) and by a higher degree of withintrajectory determinism during natural movements (shown here).
Conclusions
The immediate suppression and slow recovery of ROC under reversed vision revealed a unique form of motor plasticity, which is associated the reversed feedback gain and which is distinct from negative feedback experiments. Our results indicate that in situations where gradually and adaptively compensating the feedback perturbation is impossible due to a sign-inversion of the sensorimotor loop, the sensorimotor system employs the strategy of instantaneously reducing the levels of ROC which is then capable of slowly recovering with repeated practice.
